Abstract: Water level (WL) and water volume (WV) of surface-water bodies are among the most crucial variables used in water-resources assessment and management. They fluctuate as a result of climatic forcing, and they are considered as indicators of climatic impacts on water resources. Quantifying riverine WL and WV, however, usually requires the availability of timely and continuous in situ data, which could be a challenge for rivers in remote regions, including the Mekong River basin. As one of the most developed rivers in the world, with more than 20 dams built or under construction, Mekong River is in need of a monitoring system that could facilitate basin-scale management of water resources facing future climate change. This study used spaceborne sensors to investigate two dams in the upper Mekong River, Xiaowan and Jinghong Dams within China, to examine river flow dynamics after these dams became operational. We integrated multi-mission satellite radar altimetry (RA, Envisat and Jason-2) and Landsat-5/-7/-8 Thematic Mapper (TM)/Enhanced Thematic Mapper plus (ETM+)/Operational Land Imager (OLI) optical remote sensing (RS) imageries to construct composite WL time series with enhanced spatial resolutions and substantially extended WL data records. An empirical relationship between WL variation and water extent was first established for each dam, and then the combined long-term WL time series from Landsat images are reconstructed for the dams. The R 2 between altimetry WL and Landsat water area measurements is >0.95. Next, the Tropical Rainfall Measuring Mission (TRMM) data were used to diagnose and determine water variation caused by the precipitation anomaly within the basin. Finally, the impact of hydrologic dynamics caused by the impoundment of the dams is assessed. The discrepancy between satellite-derived WL and available in situ gauge data, in term of root-mean-square error (RMSE) is at 2-5 m level. The estimated WV variations derived from combined RA/RS imageries and digital elevation model (DEM) are consistent with results from in situ data with a difference at about 3%. We concluded that the river level downstream is affected by a combined operation of these two dams after 2009, which has decreased WL by 0.20 m¨year´1 in wet seasons and increased WL by 0.35 m¨year´1 in dry seasons.
. Locations of the Mekong River (navy blue) and its watershed (yellow shaded area). The river was originated from the southeast of the Qinghai-Tibetan Plateau (boundary depicted by red borders). The background used TrueMarble imagery, with terrain elevation enhancement by NOAA ETOPO1 global digital elevation model (DEM). This figure was plotted using the Generic Mapping Tool (GMT) version 5, which is available from [2] . GMT is an open source tool collection for manipulating geographic and Cartesian data sets [3] .
The headwater of MR reaches an elevation of 5,000 m and drops to about 355 m when it passes through Thailand. The topography is thus suitable for hydropower development. The MR has a hydropower potential of about 53,000 MW [4] . Hence, several dams were built on multiple tributaries in the basin for domestic usage, irrigation, and hydropower generation ( Figure 2 , red squares). Over Figure 1 . Locations of the Mekong River (navy blue) and its watershed (yellow shaded area). The river was originated from the southeast of the Qinghai-Tibetan Plateau (boundary depicted by red borders). The background used TrueMarble imagery, with terrain elevation enhancement by NOAA ETOPO1 global digital elevation model (DEM). This figure was plotted using the Generic Mapping Tool (GMT) version 5, which is available from [2] . GMT is an open source tool collection for manipulating geographic and Cartesian data sets [3] .
The headwater of MR reaches an elevation of 5,000 m and drops to about 355 m when it passes through Thailand. The topography is thus suitable for hydropower development. The MR has a hydropower potential of about 53,000 MW [4] . Hence, several dams were built on multiple tributaries in the basin for domestic usage, irrigation, and hydropower generation ( Figure 2 , red squares). Over the last few years, frequent local news posts were noticed regarding the operation of these dams that keep water draining from the TP to generate electricity. There are only a few studies focused on the impacts caused by a cascade of dams on the upper Mekong River [5, 6] . For example, Räsänen et al. [5] in 2012 used a hydrological model and an optimization scheme to assess the impacts and found that the construction of dams changes the flow regime of the MR. Their analysis showed that the discharge increased by 34%-155% in dry seasons and decreased by 29%-36% in wet seasons at Chiang Saen, Thailand. Another study, conducted by the International Rivers organization [6, 7] , analyzed the impact on broader aspects, such as fisheries, agriculture, and erosion. They mentioned that the construction of Xiaowan Dam would block 35% of silt, which should have nourished the downstream floodplains. Without using artificial fertilizer, the long-term agricultural yields would decrease.
Remote Sens. 2016, 8, 367 3 of 19 the last few years, frequent local news posts were noticed regarding the operation of these dams that keep water draining from the TP to generate electricity. There are only a few studies focused on the impacts caused by a cascade of dams on the upper Mekong River [5, 6] . For example, Räsänen et al. [5] in 2012 used a hydrological model and an optimization scheme to assess the impacts and found that the construction of dams changes the flow regime of the MR. Their analysis showed that the discharge increased by 34%-155% in dry seasons and decreased by 29%-36% in wet seasons at Chiang Saen, Thailand. Another study, conducted by the International Rivers organization [6, 7] , analyzed the impact on broader aspects, such as fisheries, agriculture, and erosion. They mentioned that the construction of Xiaowan Dam would block 35% of silt, which should have nourished the downstream floodplains. Without using artificial fertilizer, the long-term agricultural yields would decrease. Water level (WL) and water volume (WV) are among the most crucial physical quantities for water resources management, and also are indicators of the impact of climate change. The traditional and straightforward approach to monitor WL is to use locally in situ gauge or stage stations. They would provide continuous and reliable WL measurements at locations along the river. However, primarily due to the length and remoteness of the MR, it would be difficult to install and maintain adequate gauge stations to monitor the entire river. More importantly, other issues associated with economic/political restrictions/data latency would also result in data inaccessibility in different countries. The feasibility to obtain timely and continuous observations at multiple sections along the river remains a challenge. These issues are highlighted, for example, in reports published by the Mekong River Commission (MRC, [8] ). The MRC is an inter-governmental organization that works with governments of Cambodia, Laos, Thailand and Vietnam, and creates a joint management of Water level (WL) and water volume (WV) are among the most crucial physical quantities for water resources management, and also are indicators of the impact of climate change. The traditional and straightforward approach to monitor WL is to use locally in situ gauge or stage stations. They would provide continuous and reliable WL measurements at locations along the river. However, primarily due to the length and remoteness of the MR, it would be difficult to install and maintain adequate gauge stations to monitor the entire river. More importantly, other issues associated with economic/political restrictions/data latency would also result in data inaccessibility in different countries. The feasibility to obtain timely and continuous observations at multiple sections along the river remains a challenge. These issues are highlighted, for example, in reports published by the Mekong River Commission (MRC, [8] resources and sustainable development. The data released by the MRC include gauge WL, discharge measurements, water quality, and drought information mainly in the lower Mekong watershed. However, because China is not a member of MRC, there is only one gauge located at Jinghong on the upper MR providing WL measurements of the dam. Moreover, the data only covered a limited period after the impoundment, which hinders the knowledge of downstream water availability. Another source of local data is released from HydroLancang, a subsidiary of the China Huaneng Group that manages the construction and maintenance of hydropower along the Lancang River in the upper MR. At some phases of dam construction, HydroLancang updates the WL records.
In order to monitor such an important yet poorly understood watershed, this study proposes to use timely satellite measurements at low-cost with reliable data quality. Recent advances in geodetic satellite technology allow spaceborne sensors to be a feasible means to retrieve inland WL for adequately wide rivers. Satellite radar altimetry (RA) is a technology originally developed for ocean surface topography observations and large-scale circulation studies [9] [10] [11] . This technology was also applied to sea-ice freeboard, ice-sheet, glacier, and even crustal elevation observations [12] [13] [14] [15] [16] [17] [18] . Since the first altimeter onboard NASA's Skylab launched in 1973, there have been, and presently continue to be, abundant concurrent and successive RA satellites operated or operating in space. While satellite hydrology is viable using satellite RA for large inland waterbodies, radar waveforms over smaller inland waterbodies are contaminated by land features resulting in degraded accuracy or altimeter losing lock. Several waveform retracking algorithms have been developed to overcome the signal contamination problem. Using customized algorithms (physical or empirical methods) to locate the midpoint of the leading edge in a waveform, corresponding to the time elapse of radar pulse reached mean Earth's surface within radar footprint. Satellite RA can thus be applied to inland water observation using these waveform retracking methods and also other data processing advances [19] [20] [21] [22] [23] . The accuracy of RA over narrow rivers/small lakes (<1 km) generally ranges between 0.32 and 0.72 m [24, 25] .
However, satellite RA is still limited by its long revisit periods, e.g., monthly sampling, or if the repeat period were reduced to 10 days, the cross-track spatial resolution would be coarser. Altimetry satellite by design is to have exact repeat tracks over the ocean to remove geoid errors and monitor sea level variations periodically, but the frozen orbit also leads to long revisit period or large cross-track distances between neighboring ground tracks. These limitations cause temporal or spatial gaps during each altimeter overpass. The plausible spatial-temporal resolution improvement for remotely sensed WL observations from satellite altimetry thus becomes a challenging objective. Here, the study proposed an indirect method to utilize multiple sensors with different respective strength and accuracy. We integrated RA satellites, RS imageries and a digital elevation model (DEM) to generate empirical relationships between WL, water area (WA) and WV changes. With this relationship, the combined data sets can be used to monitor WL and WV variations over the study region with long-term time series and improved spatial resolutions. Once satellite imageries could be converted to WL measurements, it potentially densifies the temporal data points and provides much longer time series (~40 years), as compared with altimeter data span (~26 years).
The overall purpose of this study is to investigate the impact of dams on downstream water resources in the MR from satellite observations. We demonstrate the combined RA/RS observed hydrologic quantities in two locations, the Xiaowan and Jinghong Dams in the upper MR, to monitor WL changes during impoundment and the regular operations afterward. We also checked the river flow at four locations downstream to assess the impact due to Dam operations. The study area is briefly described in Section 2. Satellite altimetry, Landsat optical RS, and rainfall data used herein and processing method are described in Section 3. The major findings on the dam affected downstream WL are discussed in Section 4. Finally, the discussion of dam-impacted downstream hydrologic schemes in the MR and conclusions are given in Sections 5 and 6 respectively.
Study Area
There are over 20 dams built or under construction by adjacent countries at different sections of the MR [26] . China Since WL measurements using RS imageries developed in this study requires a clear water extent variation, a selected boundary at each site covering the part close to the dam was used with obvious WA expansion after construction. Figure 3 shows the location and range of study area. Xiaowan Dam is the northernmost dam whose reservoir includes the mainstem of MR and the Heihui River, a major tributary in Yunnan Province. By comparing satellite images before and after impoundment, the WA with clear expansion can be identified. River channel used to estimate WL for Xiaowan Dam is shown as red area in Figure 3a . Two Envisat passes, #97 and #190, have crossovers near the dam. However, both passes within steep terrain are not able to generate successful height estimates due to severe waveform contamination. We instead only chose Jason-2 ground track #140 that had more stable performance over narrow river, the altimetry observed WL appears to be more accurate.
For Jinghong Dam, the river channel used for WA-WL conversion is displayed as red area in Figure 3b . This area has covered almost of the entire reservoir with a distance to the Nuozhadu Dam upstream of~18 km. The water surface is intersected by two Envisat passes, #97 and #147, but no Jason-2 ground track is available. We later chose #97 as our data source since pass #147 also suffered from serious land contaminations that caused the retrieval of WL to be impossible. For the other four check points downstream of Jinghong Dam, D1 is near Envisat pass #362 and Jason-2 #103; D2 is a connection between Envisat #54 and Jason-2 #140; D3 has Envisat #283 and Jason-2 #179; and D4 is covered by Jason-2 #140. 
Data and Methodology
The data used in the study include multi-mission satellite RA (Envisat and Jason-2) measurements, Landsat optical satellite imageries and a DEM. The workflow from data collection and processing to WL time series construction is shown in Figure 4 . The impact of these dams to the midstream and downstream is further assessed, and the contribution due to rainfall anomaly is discussed. 
Satellite Radar Altimetry
Satellite RA was originally designed to map global sea surface topography. A series of altimetry missions have been operated or operating in space, such as NASA's Seasat, Geosat, TOPEX/Poseidon, Jason-1/-2, European Space Agency's (ESA) ERS-1/-2, Envisat, Cryosat-2, the SARAL/AltiKa mission jointly operated by CNES and the Indian Space Research Organization (ISRO), and the recently launched Jason-3 and Sentinel-3A missions. The basic principle is that satellite altimetry sends an electromagnetic pulse to the nadir point of the satellite and receives the reflected signal coming from water or other surfaces. In an ideal condition, by calculating the two-way travel time of radar pulses, the distance between the satellite and mean surface covered by a circular footprint (3-5 km in radius [28, 29] ) can be derived and further converted into surface height measurement. In practical application, there are several correctional terms need to be considered in the computation. For example, the medium effect (ionosphere and troposphere delay), surface tidal signal (pole tide and solid earth tide), instrument errors (Ultra Stable Oscillator; distance between satellite mass center and receiver phase center), and orbit errors. After that, the waveform retracking algorithm is applied to locate the midpoint of leading edge to determine time elapse for range estimation. Over the ocean, the Brown model [30] is preferred to fit the waveform with physical parameters. For other surface types, such as ice sheet and inland water bodies, a suite of waveform retracking algorithms are developed to satisfy the unique pattern of the waveform from each kind of surface types.
In this study, Jason-2 and Envisat radar altimetry data were utilized to obtain WL at river crossovers. Envisat, a follow-on mission after ERS-1/-2 that was launched by ESA in 2002 and decommissioned in 2012, has a 35-day repeat period with an inclination of 98.5°. The inter-track distance at the Equator is about 80 km [31] . It was equipped with a dual frequency radar altimeter working in Ku and S bands. In 2010, it was maneuvered to a decreased orbital height, which no longer followed the same repeat cycle and ground tracks. Therefore, only high frequency (18 Hz) Ku-band data in the regular operation mode during 2002-2010 were used in this study. The altimetry data are stored in Sensor Geophysical Data Records (SGDRs) format for each cycle. The parameters include satellite position and timing, distance between satellite and surface and corrections. The Envisat SGDRs contained four different ranges calculated by standard waveform retracking algorithms, including Ocean [30] , ICE-1 [32, 33] , ICE-2 [34] and SEAICE [35] . ICE-1 retracker was originally 
In this study, Jason-2 and Envisat radar altimetry data were utilized to obtain WL at river crossovers. Envisat, a follow-on mission after ERS-1/-2 that was launched by ESA in 2002 and decommissioned in 2012, has a 35-day repeat period with an inclination of 98.5˝. The inter-track distance at the Equator is about 80 km [31] . It was equipped with a dual frequency radar altimeter working in Ku and S bands. In 2010, it was maneuvered to a decreased orbital height, which no longer followed the same repeat cycle and ground tracks. Therefore, only high frequency (18 Hz) Ku-band data in the regular operation mode during 2002-2010 were used in this study. The altimetry data are stored in Sensor Geophysical Data Records (SGDRs) format for each cycle. The parameters include satellite position and timing, distance between satellite and surface and corrections. The Envisat SGDRs contained four different ranges calculated by standard waveform retracking algorithms, including Ocean [30] , ICE-1 [32, 33] , ICE-2 [34] and SEAICE [35] . ICE-1 retracker was originally developed for ice sheet observation purposes. The waveform over inland waterbody with specular shape is similar to the return from ice sheet. Therefore, ICE-1 retracker is suitable in the study to calculate range measurements.
For Xiaowan Dam, the construction finished after 2010 and the original river channel is too narrow to be detected. Jinghong Dam finished in 2008 was able to be observed by Envisat pass #97, which has~500 m water crossover. In order to ensure waveforms that were reflected from the water surface, a 15 dB backscattering coefficient (BC) threshold was set. The BC is used as an indicator of surface roughness, the higher the BC and flatter the surface in general [22] . Hence, BC lower than 15 dB is considered to be other objects on the ground. After applying correctional terms and waveform retracking adjustment, the altimetry WL time series near Jinghong Dam is created.
Ocean Surface Topography Mission (OSTM)/Jason-2 was launched in 2008. It is a follow-on mission to the TOPEX/Poseidon and Jason-1 missions. Jason-2 is equipped with a Ku/C-band dual-frequency radar altimeter that produces a sampling rate at 20 Hz, corresponding to a ground interval at 330 m. In previous studies, Jason-2 can detect narrower river channel compared with previous altimeters, primarily because of its higher Pulse Repetition Frequency (PRF) at 2060 Hz [36, 37] , higher than Envisat (1795 Hz) [38] . The orbital design of Jason-2 has a revisiting cycle at every ten days while the tradeoff is a wider inter-track distance at 310 km. Over the MR basin, Xiaowan Dam can be observed by Jason-2, but Jinghong Dam has no crossovers within the reservoir. We used a similar 15 dB BC to ensure footprints were reflected from the water surface.
Optical Remote Sensing Imageries
Satellite optical imagery (e.g., Landsat) has been shown powerful in characterizing the water-surface dynamics of inland water bodies [39] [40] [41] . In this study, Landsat-5/-7/-8 images were used to retrieve WA measurements. Landsat-5 carried the Thematic Mapper (TM) sensor, and the mission life covered from 1984 to 2012. Landsat-7 has the Enhanced Thematic Mapper Plus (ETM+) onboard, covering 1999 to present. Both satellites have a 30 m spatial resolution and 16-day repeat cycle. Both TM and ETM+ images have eight spectral bands ranging between visible and mid-infrared (MIR) wavelengths. Landsat-8 carries two instruments, including the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS), to monitor the Earth's surface through passive microwave radiometry. In the study, OLI images were used to extract water surface. OLI contains refined heritage bands and three other new bands, deep blue (also called coastal/aerosol band), an additional shortwave infrared and quality assessment band. The spatial resolution of OLI image is 30 m, and the temporal resolution is 16-day with an 8-day offset from Landsat-7. The sampling rate and combined time span should potentially be a good complement to altimetry data.
All the available Level 1 image products were downloaded from U.S. Geological Survey (USGS) EarthExplorer website [42] . Images were stored in GeoTiff format. For each study area, clear images without cloud cover over river channel were selected. The Digital Numbers (DNs) in each Landsat-5/-7 image were then converted into Top-of-Atmosphere (ToA) reflectance using Equations (1) and (2) [43] .
where L λ is the cell value as radiance, DN is the cell value digital number, gain is the gain value for a specific band, bias is the bias value for a specific band, ρ λ is the unitless plantary reflectance (ToA reflectance), d is the Earth-Sun distance in astronomical units, ESUN λ is the mean solar exoatmospheric irradiances, and θ s is the solar zenith angle.
Remote
For Landsat-8 image, the conversion follows equations shown below [44] :
where ρλ 1 is the ToA planetary reflectance without correction for solar angle, M ρ is the band-specific multiplicative rescaling factor, A ρ is the band-specific additive rescaling factor, and Q cal is the quantized and calibrated standard product pixel values (DN). Furthermore, the ToA reflectance with a correction for the sun angle is:
where ρλ is the ToA planetary reflectance and θ SE is the local sun elevation angle. The WA extraction for Landsat TM/ETM+ imageries can be achieved by several matured algorithms, such as single band estimation [45] , depending on the complexity of surrounding surface types. In this case, a more robust method namely the Modified Normalized Difference Water Index (MNDWI) using green and mid-infrared bands was applied to extract water [46] . In spectral analysis, waterbody has a strong reflectance in green band and substantial absorption in mid-infrared band. MNDWI is thus used to enhance this pattern to delineate water feature from other ground objects. The calculation of MNDWI is showed in Equation (5):
where Green is the Landsat-5/-7 TM/ETM+ band 2 at 520-600 nm and MIR is band 5 at 1550-1750 nm. Due to a band shift, Green indicates Landsat-8 OLI band 3 at 530-590 nm and MIR is band 6 at 1570-1650 nm. The MNDWI threshold is slightly different for each study area. For TM/ETM+, the value 0.2 was set at the beginning and iterated between 0.15-0.3 with an increment of 0.01 to find the best result. By inspecting several locations with false color images and testing different threshold values, a threshold equal to 0.23, which provided the most accurate result compared with waterbody in the original images, was selected for our study areas. For OLI images, because the bandwidth of OLI in MIR is much narrower than TM/ETM+, the OLI band 6 images will be darker than TM/ETM+ band 5 images, leading to higher MNDWI values at waterbodies. The narrower bandwidth also causes sensitive MNDWI variation, meaning a slight change of threshold would alter classification result. Therefore, a different threshold at 0.4 was set for classification. Moreover, to avoid potential noise caused by clouds and terrain shadows, a river channel after impoundment plus a 5-pixel buffer area was used as a mask to further constrain the water extent. Samples of extracted WA in Xiaowan and Jinghong Dams are shown in Figure 3. 
Digital Elevation Model (DEM)
DEM provides a good reference for surface elevation during the time when airborne or spaceborne sensors compiled the height in each grid. Shuttle Radar Topography Mission (SRTM) is one of the most commonly used global DEMs in RS studies. It obtained the topography by the Space Shuttle Endeavour using C-band radar interferometry in 2000. The data product used here is version 2 with global 90 m resolution, covering 60˝N-56˝S, which includes the upper Mekong stream [47] . The vertical uncertainty of SRTM DEM in mountainous area is about 10 m [48] . Because data acquisition is earlier than the construction of these two dams, it is suitable to estimate WV changes after impoundment. SRTM was used to provide information about the bathymetry (above old river surface) of entire reservoir. The computation is to simply accumulate WV in each grid, from an elevation of DEM up to the elevation of water mask given by Landsat imageries.
Precipitation Record
Water budget (described by WA and WL) of the dams is controlled by the climate-driven hydrologic processes and precipitation is the most dominant one. Thus, analyses based on the precipitation data are conducted to evaluate the climate influence on the hydrology of dams. Due to the limited availability of the ground-based precipitation data in the upper MR basin, we have to rely on a space-borne meteorological satellite, i.e., Tropical Rainfall Measuring Mission (TRMM, from the joint NASA and JAXA), to provide precipitation data for our study in this region. Launched in 1997 and decommissioned in 2015, the major task of TRMM was to collect rainfall data for tropical and subtropical cyclones, monsoon, and regional weather/climate research [49] . The payloads include a single frequency precipitation radar (PR), TRMM microwave imager (TMI), visible and infrared scanning radiometer (VIRS), clouds and the Earth's radiant energy sensor (CERES) and lightning imaging sensor (LIS). Combined all these observations and derived products, the precipitation amount over tropical and subtropical area was estimated, and had been demonstrated a reliable precipitation record in several past studies [50] [51] [52] .
The precipitation dataset used in the study is the latest post-processed Version 7 of TRMM 3B43 [53] . It is a monthly mean precipitation of daily mean rainfall rate at 0.25ˆ0.25 degree resolution. Monthly mean precipitation of the study area was estimated based on the TRMM data covering the portion of Mekong basin from headwater until each check point, such as Xiaowan Dam, Jinghong Dam, and D1-D4. An annual mean precipitation rate was calculated by averaging the monthly values in a year while the anomaly of annual precipitation is based on the overall data record from 1998 to 2015. As a result, we have the opportunity to investigate the WA/WL variation in association with the precipitation anomaly.
In the study, the precipitation anomaly is derived to verify whether there is a decadal precipitation trend that may cause interannual WL variation in the MR. TRMM dataset has good quality to derive rainfall variation trend during a long time span [54] .
Relationship between Water Level, Water Area and Water Volume
To construct a conversion function between WA and WL, we first selected satellite images that were temporally coincident with altimetry measurements. We assumed the images acquired within˘5 days of altimetry data had the same WL for WA-WL conversion. It is worth noting that in these two study sites, we used a linear function to fit the relationship between WA and WL. This contains uncertainty while the terrain slope is not a constant within the interval of water variation, and causing various non-linear WL-WA relationships correspond to different river sections. However, it's impossible to create accurate conversion function that fit every river section. Hence, the mountainous terrain in our study area is assumed to have constant slope. The analysis results shown in Figure 5 indicate that the linear functions (Equations (6) and (7)) work well without significant bias and are able to describe the WA-WL relationships for the selected Dams. R 2 (square of the Pearson correlation coefficient) between altimetry WL and RS-derived WA in both two study area are >0.95, which represent highly correlated relationship between WL and WA, and proved the linear regression is sufficient to generate conversion function for our study areas. 
WL
The next step is to estimate WV based on WA. We overlap the extracted WA and DEM layers, and calculate the WV above the DEM by integration of column water. Similarly, a linear regression approach is applied to derive the relationship between WV and WA. For example, Equation (8) The transfer functions above (Equations (6)- (8)) allow seamless conversion among the WA, WL and WV variables and make it possible to extend the WL and WV estimation to the times even one of WL or WA is not available. he next step is to estimate WV based on WA. We overlap the extracted WA and DEM layers, alculate the WV above the DEM by integration of column water. Similarly, a linear regression ach is applied to derive the relationship between WV and WA. For example, Equation (8) has derived to describe the WA-WV relation of Jinghong Dam. WVJinghong (km 3 ) = WAJinghong (km 2 ) × 2.76 × 10 7 + 6.95 × 10 7 (8) he transfer functions above (Equations (6)- (8)) allow seamless conversion among the WA, WL V variables and make it possible to extend the WL and WV estimation to the times even one or WA is not available.
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Results
Time Series from Multiple Sensors
WL observed by combined altimetry and RS imageries in Xiaowan and Jinghong Dams are shown in Figure 6a ,b, respectively. Four downstream crossovers specified in Figure 2 In Figure 6a ,b, seasonal WL variation can also be observed by Landsat imageries and altimetry satellites, during either constructing or operating phase of the Dams. These two independent observations with distinct sensing approach correlated very well during the overlapping period. The RS data clearly serves as the supplemental observation that lengthens the time series towards multi-decadal coverage.
It is worth noting that for RS imageries, cloud cover, and terrain effect resulted in increased error or failure in WL retrieval, especially in wet seasons. The time series given by RS imageries has lower sampling rate than nominal 16-day and even just a few samples in a year, such as 2011 and 2012 for Jinghong Dam (panel b). Based on the limitation inherent in optical RS, the Landsat images along cannot be a self-sustaining source to produce regular and frequently sampled time series, particularly in this demonstrated area. However, it is obvious that the extra measurement given by RS imageries is complementary to radar altimetry. It helps to detect exceptional changes in the waterbody, and the spatial coverage is almost unlimited around the world. Further discussions about Figure 6c -f will be shown in Section 4.4, which focuses on the impact to downstream locations.
sampling rate than nominal 16- Figure 2 ). The red broken line in all panels is the measurement from RS images, the blue line is from Jason-2, and the green line is from Envisat. These WL estimates, regarding WGS84 ellipsoidal height, refer to the left ordinate in meter. There is also annual rainfall rate anomaly plotted as gray line shown in the background of each panel, which refers to the right ordinate. Positive (negative) anomaly values means the precipitation of that year is more (less) than the long-term average rainfall rate.
Validation at Xiaowan Dam
Due to the lack of gauge data, we collected several WLs from local news during each stage of construction in Xiaowan Dam. The available ground truth is not routinely reported and only available before and after the impoundment. It should be emphasized that the datum used for these announced water elevations also remain elusive. However, since the numbers quoted in the news basically released by the local agency that operated the hydropower station (such as China Huaneng Group), it is appropriate to assume the datum is the same for announced numbers. Hence, the WL changes can be used to compare with satellite measurements. The standard deviation of reported WL and estimated WL derived from a combination of altimetry and Landsat-derived measurements is 5.92 m during the five different time periods as shown in Table 2 . 
Validation at Jinghong Dam
The local information of Jinghong Dam is obtained from Mekong River Commission website [8] . However, the announced data only covered wet seasons from 2009 to 2015. Only a few corresponding values could be compared due to cloud cover in wet seasons. The timing and WL estimates provided by gauge data and RS approach is shown in Table 3 . The standard deviation of the difference between satellite-derived WL and ground truth is about 1.13 m for these six points.
By comparing Tables 2 and 3 , it is noted that the discrepancy of estimated water level is larger in Xiaowan Dam than in Jinghong Dam. This is mainly because the dates used for comparison, 2009-2012, is the timing when Xiaowan Dam was experiencing three steps of water impoundment. Satellitederived WL and in situ data may have inconsistency within the five-day assumption made in Section 3.5. Assuming the WL increasing rate stayed linear between first date (20 July 2009) and second date (15 August 2009) in Table 2 , a five-day difference may result in ~8 m of WL difference. In contrast, Figure 2 ). The red broken line in all panels is the measurement from RS images, the blue line is from Jason-2, and the green line is from Envisat. These WL estimates, regarding WGS84 ellipsoidal height, refer to the left ordinate in meter. There is also annual rainfall rate anomaly plotted as gray line shown in the background of each panel, which refers to the right ordinate. Positive (negative) anomaly values means the precipitation of that year is more (less) than the long-term average rainfall rate.
Validation at Xiaowan Dam
Validation at Jinghong Dam
By comparing Tables 2 and 3 Table 2 , a five-day difference may result in~8 m of WL difference. In contrast, Jinghong Dam during the same period had only seasonal variability, which better demonstrates the actual accuracy of the satellite-derived WL. The WLs before and after impoundment are also compared in Table 4 , where the information is obtained from navigation information of transportation [55] . Due to the issue of datum difference, this comparison only focused on water level change at the dam. Both local information and estimate results showed that impoundment height is about 50 m. The WV is also calculated in Jinghong Dam. The estimated WV by integrating column water from SRTM surface elevation to the elevation given by RS water mask is 8. [27] , containing an error about 3%.
Impact of Downstream Hydrologic Schemes
Four selected downstream cross points, including Jason-2 and Envisat altimetry data, were utilized to measure WL before and after the Dam operations. These four points were named D1, D2, D3, and D4 from upstream to downstream, as specified in Figure 2 . The distance between D1 and D2 is about 550 km, and about 110 km between D2 and D3. D4 is the most downstream checkpoint, located in Cambodia and approaching the river outlet. By inspecting WL at D1 and D2 immediately following Jinghong Dam, shown in Figure 6c ,d, the annual lowest WL appears an increasing trend after Jinghong Dam's operation in 2008. In the meantime, the highest WL every year also faces a trialing tendency after 2008, especially after 2012 when Xiaowan Dam was put into service. By examining the annual precipitation rate anomaly in Figure 6 , the time series varies between˘0.5 mm¨day´1 within upper MR watershed in the last decade. By assuming a homogeneous and steady evaporation, we may presume the upper MR has a stable water input since 2008. Thus, we consider that the trend of WL is less correlated and influenced by local precipitation when we analyzed the historical TRMM data set. Among all factors, water storage regulation in a cascade of dams in the upstream is speculated to create such an enormous momentum in WV changes.
From Figure 6a ,b, we confirmed that the impoundment of Xiaowan and Jinghong Dam was only executed in wet season, and the impacts to downstream were not significant at the time of impoundment in 2008. We investigated some local news and reference papers that informed several flood events after 2008. For example, the situation report released by Cambodia Humanitarian Response Forum (HRF) [56] indicates a flood event stroke Cambodia in 2013. There is also an article that mentions two flood events occurred in 2008 and 2011 [57] . These flood events can be seen at location D4 in Figure 6f . However, based on our analysis these events were more likely caused by anomalous precipitation indicated by gray line in Figure 6f . The WLs at D1-D3, near the midstream of MR, had no exceptional rise in those years.
We calculated the mean WL in wet seasons (May-October) and dry seasons (January-April and November-December) for D1-D4 in each year. Then, we applied a linear regression to derive the WL trend for each specified Based on the results of Figure 7 , rate of trend at each point is summarized in Table 5 . For D1-D4, the average decreasing rate of maximum WL is about 0.20 m·year −1 , and the average increasing rate of minimum WL is about 0.35 m·year −1 . We conclude that the impoundment of these dams has reallocated water resources and changed river flow patterns compared with earlier years. Our results support the simulation in [5] that mostly relied on hydrological models. Meanwhile, the pattern of shrinking water variability also seems to be less clear at point D4, which is distant from these dams. From the dry season WL variation rate in Table 5 , the closer to the dams, the larger increasing WL rate. It is suspected that along with the distance to the dams, water sources coming from other tributaries compensate the man-made adjustment and the pattern becomes insignificant. The influence of natural events (monsoon and storms) would dilute the WL variation pattern. Additionally, a reference paper [58] mentions about two drought events happened Based on the results of Figure 7 , rate of trend at each point is summarized in Table 5 . For D1-D4, the average decreasing rate of maximum WL is about 0.20 m¨year´1, and the average increasing rate of minimum WL is about 0.35 m¨year´1. We conclude that the impoundment of these dams has reallocated water resources and changed river flow patterns compared with earlier years. Our results support the simulation in [5] that mostly relied on hydrological models. Meanwhile, the pattern of shrinking water variability also seems to be less clear at point D4, which is distant from these dams. From the dry season WL variation rate in Table 5 , the closer to the dams, the larger increasing WL rate. It is suspected that along with the distance to the dams, water sources coming from other tributaries compensate the man-made adjustment and the pattern becomes insignificant. The influence of natural events (monsoon and storms) would dilute the WL variation pattern. Additionally, a reference paper [58] mentions about two drought events happened in 2009 and 2010, which can be identified in Figure 6c -e by lower WL than other years. Therefore, some of the extreme WL variation may not be caused by the Dam operations but nature effects. The long-term trends shown in Figure 7a ,b, on the other hand, are more likely caused by the dam construction.
Discussions
In this study, we investigated the hydrologic changes in the downstream of MR as a consequence of Dam operations upstream. Both RA and RS imageries can detect the impoundment of Xiaowan and Jinghong Dams. The WV estimates based on DEM and MNDWI imageries also agree well with in situ data. However, some issues still need to be resolved or improved for further research. First, the extracted WA still contains errors due to terrain and cloud effects. In the future, it is preferred to establish a comprehensive decision tree for water delineation to exclude pixels with similar spectral behavior. Second, the conversion functions in current study were derived from first-order linear regressions, but the topography of the dams is not a linear structure. Formation of terrain should be taken into account to improve the estimates of empirical relationships between water extent and WL variations.
From precipitation perspective, except for normal variability in the annual signal, it is observed a slight downward trend from 2009 to 2015, which is arguably caused by regional climate change [58] . This phenomenon, although gradual, perhaps affects WL variation at the downstream area and requires a longer term observation to quantify the impact. In this study, the data source is monthly mean rainfall with coarser spatial resolution. It is suggested to utilize daily data that could obtain sudden and intensifying rainfall that has been averaged out in current data. Moreover, the melting glacier in the upper Mekong watershed could also contribute to the water level variations. It is necessary to quantify the freshwater storage changes of these mountain glaciers and exclude them from our impact analysis. Finally, as mentioned before, the rates of evaporation and runoff could vary and cause uncertainty in the water budget as well.
More altimetry satellites are expected to facilitate our future work on this topic, including Jason-3 (launched on 17 January 2016), Sentinel-3 two-satellite constellation (16 February 2016) , Jason-CS/Sentinel-6 (2020) and Surface Water and Ocean Topography (SWOT) (2020). These and other new-generation satellites with improved designs of hardware will potentially outperform those historical missions. For example, the single band radar altimeter onboard SARAL/AltiKa used Ka-band radar pulse to minimize the interference of ionosphere delay of radar range. Cryosat-2, Sentinel-3, and Jason-CS carried or will carry the delay-Doppler altimeter, or the SAR altimeter to further partition the radar footprint into narrow bands in cross-track direction, and thus increase ground resolution in along track direction. SWOT is a wide-swath interferometric altimeter also with a nadir Ka-band altimeter that would improve the spatial resolution of the WL measurements to 100 m.
For optical satellite images, based on the well-correlated results at Xiaowan and Jinghong Dam, we expect to further integrate the WA measurements at downstream sections with nearby in situ data provided by MRC, and create conversion function. For some gauge stations, the in situ data only covered a short period, which is not enough for long-term analysis. Additionally, gauge WL observation has high accuracy and dense sampling rate, suitable to generate high quality conversion function. Once we create conversion function for a particular region, the continuous and extended WL time series can thus be generated through numerous optical satellite images.
Conclusions
In this paper, we demonstrated an effective monitoring system to observe basin-scale WL variations by integrating data from multiple satellite observations. Two reservoirs and four river crossovers covered by altimetry and optical RS satellites were analyzed to study the WL changes since the operations of dams in the upper Mekong basin. A decreasing trend in wet seasons and an increasing trend in dry seasons is identified by the combined time series. For now, the accuracy of estimated WL is limited to meter level, which might not suffice accurate hydrologic studies. However, this technique is promising because of its capability of densifying and extending the observations of WLs on remote rivers, lakes, and reservoirs, especially the monitoring of episodic signals such as dam water impoundment processes. It is expected that the sampling rate can be increased, and the temporal coverage can be widened using higher temporal/spatial resolution satellite imageries, from platforms such as Formosat-2 and SPOT series of optical or synthetic aperture radar satellites. It is possible to achieve daily WL observation by combining all these satellites except for cloud covers. In summary, due to the availability of a variety of optical imageries, the monitoring system developed in this study can be a valuable tool for the monitoring of surface water variations at adequately fine spatial scales for water resources management.
